Bearing damage is the most common fault type in induction motors. In recent years, bearing fault detection based on motor current signature analysis (MCSA) has been gained extensive attention. However, the changes in the stator current signal which is caused by the bearing fault are usually very weak. In order to detect bearing fault effectively, a method for bearing fault detection based on complete ensemble empirical mode decomposition with adaptive noise (CEEMDAN) analysis of motor current signals is proposed. The CEEMDAN is used to decompose the stator current signal into several independent intrinsic mode functions (IMF), then the most sensitive IMF can be extracted. The experimental results show that the proposed approach is effective for bearing outer race fault detection.
INTRODUCTION
Induction motors are widely used in different industrial applications to convert electrical energy into mechanical energy due to their robustness, low cost, simple structure and less maintenance [1, 2] . In spite of these advantages, electrical or mechanical faults may occur in the motor, which are usually caused by unbalanced line voltages, poor environmental conditions, prolonged operation, and many other factors. A sudden failure of the induction motor may result in production loss or even severe personal injury. Therefore, the fault diagnosis of the induction motor is of great significance to safe operation and increase productivity.
Rolling element bearings are the key components in the induction motor, which support the rotation of the rotor. There is relative motion between the outer ring and inner ring. Meanwhile, the inner ring and the outer ring is subjected to radial and axial loads. This complex working environment makes bearing extremely vulnerable to failure. One of the most common fault types in the induction motor is bearing fault, which accounts for approximately 40% (large motors) to 90% (small motors) of faults [3] . Accordingly, the development of suitable bearing operating condition monitoring approaches is important to keep the induction motor running reliably.
Researchers have proposed many methods for the diagnosis of bearing fault. Among these methods, empirical mode decomposition (EMD) and ensemble empirical mode decomposition (EEMD) based methods are the most frequently used signal processing methods. A general review on EMD and EEMD based methods in fault diagnosis of rolling element bearings were presented by Lei et al [4] . However, the bearing fault detection methods mentioned in this paper are based on vibration signal analysis. Thus, these methods need vibration sensors to be installed inside the motor. However, the vibration sensors are not only costly but also very sensitive to the installation position. And in some cases, the bearing fault detection based on the vibration sensor is not always easily accessible [5] . Furthermore, after the vibration sensor is put into use for a certain length of time, the vibration sensor can encounter failure fault, and in general, the bearing has longer operating life than the vibration sensor. Instead, the motor current signals can be easily measured by current sensors, which are usually already installed in the drive system for the control or protection purpose [6, 7] . Thus, the motor current signature analysis (MCSA) based fault detection schemes do not need the installation of special sensors. In recent years, techniques based on MCSA has become the research hotspot of induction motor fault detection.
Many studies have shown that the bearing fault-related frequency components are also reflected in the motor current signals [8, 9] . However, the bearing fault frequency components contained in the stator current are generally weak, and due to the impact of the main frequency component and power supply noise, it is very difficult to extract bearing fault information directly from stator current signal. Lee et al. adopted EMD to extract the broken rotor bar and bearing fault information [10] . Amirat et al. proposed the use of EEMD for the induction motor bearing faults detection [11] . In this study, the homopolar current was decomposed into several intrinsic mode functions (IMF) and the experimental results show that the 4th intrinsic mode functions can be used as an indicator for the bearing condition monitoring. In 2018, Amirat et al. proposed another induction machine bearing faults detection method based on EEMD combined to Pearson correlation [12] . Although EMD and EEMD have been extensively used to extract sensitive fault information, they have certain major drawbacks, such as the mode mixing problem, time consuming and large reconstruction error. To overcome these drawbacks, a complete ensemble empirical mode decomposition with adaptive noise (CEEMDAN) has been proposed by Torres et al. [13] . Taking into account the aforementioned factors, in this paper, a new method for bearing fault detection based on CEEMDAN analysis of motor current signals is proposed.
The rest of paper is organized as follows. Section II presents the EMD, EEMD and CEEMDAN method. And a simulation analysis is performed to investigate the advantage of CEEMDAN over EMD and EEMD. Section III presents the proposed bearing fault detection scheme. Section IV describes the experimental results. Finally, the conclusion is discussed in Section V.
II. EMD, EEMD AND CEEMDAN

A. EMD
EMD is one of the most common used time-frequency methods for the analysis of non-linear and non-stationary signals, which was first introduced by Huang et al. [14] . x 10 -4
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Sample[n] Compared with wavelets, EMD does not need to select a basis function. It can self-adaptively decompose a signal i(t) into a limited number of IMFs and one residual trend based on the local characteristic time scales of the signal.
If the input signal i(t) is able to decompose into Kth IMFk(t) (k = 1,2,…K) and a residue sK(t), then the input signal can be reconstructed by adding together all IMFs and the residue sK(t)
EMD has been extensively applied to diagnosis of the motor fault [4] . However, a major shortcoming of the EMD is the mode mixing problem. In order to improve this problem, EEMD has been proposed by Wu and Huang [15] .
B. EEMD
EEMD is a noise-assisted data analysis method, which can effectively avoid the mode mixing problem in EMD by adding various artificial white noises to the input signal [12] . The true IMFs is defined as the average of an ensemble of trials. Each trial handles several EMD decompositions of the input signal that are corrupted by noises. Although the EEMD can alleviate the mode mixing problem, it introduces other problems, such as a large reconstruction error, and high computational burden. In addition to these, if different noise is added to the input signal, EEMD may produce a different number of IMFs, the emergence of this phenomenon makes it difficult to average.
C. CEEMDAN
CEEMDAN was put forward by Torres et al. to alleviate all of the above problems [13] . Using this approach, a particular noise is added at each stage of the decomposition and a unique residue is obtained to extract each IMF. By this means, the final averaging problem caused by a different number of IMFs can be solved and the error of numerical reconstruction is almost negligible. Furthermore, this method requires less computation complexity compared with EEMD. In this paper, taking advantage of CEEMDAN to extract weak features from the signals, a bearing fault diagnosis method based on the motor current analysis has been presented.
In order to verify the performance advantages of the CEEMDAN algorithm over the EMD and EEMD algorithms, a simulating signal has been decomposed using the above mentioned three algorithms. This simulating signal is a composite signal, which is composed of a sine wave and three small components. The expression of this simulating signal is given as follows. Signal A B = + (4) Fig. 1 shows the decomposition results of the simulating signal using the EMD, EEMD and CEEMDAN, respectively. As we can see from the results of the computer simulation, the IMFs obtained by the use of the EMD method exist the mode mixing problem. The EEMD can extract the sine wave component (IMF4) but fail to reflect the features of the three small components. When it comes to the use of the CEEMDAN to decompose this simulating signal, not only the sine wave component (IMF6) but also the three small components (IMF4) can be extracted directly from the simulating signal. Furthermore, if we reconstruct the composite signal by the sum of all the modes, the reconstruction error for the EEMD and CEEMDAN can be founded. In the same condition, the maximum amplitude error of CEEMDAN is less than 4.5 10 -16 , while the EEMD method has an amplitude error of plus or minus 0.02 (around -0.0215 to 0.0196). Therefore, compared to EEMD, the CEEMDAN has a better ability to extract small components from the composite signal and can provide an exact reconstruction of the original signal. These advantages of CEEMDAN prompted us to try to use it to extract the bearing weak fault information the motor current signal instead of using EMD and EEMD.
III. CEEMDAN-BASED BEARING FAULT DETECTION USING THE MOTOR CURRENT SIGNAL
As mentioned previously, the bearing fault can lead to changes in the stator current signals that can be used for fault detection purposes. In this paper, the proposed bearing outer race fault detection block diagram is shown in Fig. 2 . This proposed bearing outer race fault detection method is composed of the following three parts: stator current signal acquisition, stator current decomposition and fault identification. One phase stator current signal of the motor is acquired by the signal acquisition part and sent to the signal decomposition part, where the acquired stator current signal is decomposed by the CEEMDAN. By comparison of the stator current signal decomposition results of the healthy and the bearing outer race fault motor, the sensitive IMF containing the fault features is identified. In order to further investigate the sensitive IMF, the variance of this IMF is computed. Based on the extracted variance of the sensitive, the conclusion of the bearing outer race failure or not can be drawn. 
IV. EXPERIMENTAL VERIFICATION
In this section, we mainly introduce the content of two aspects. Firstly, the mechanical system of the experimental platform is briefly introduced. Then the acquired stator current signal is used to demonstrate the effectiveness of the proposed method. 
A. Experimental Platform
The picture of the experimental platform used in this paper is shown in Fig. 3 . The experimental platform mechanical part consists of a DC motor and an induction motor. The stator current data acquisition system is composed of current sensors, a National Instrument data acquisition (NI DAQ 6216) card, a conditioning circuit, combined NI data acquisition software and computer. The induction motor (3kW, 380V, 6.8A, 50Hz, 2 poles, Y-connected) is powered with a voltage having a fundamental frequency of 50Hz. The induction motor has two 6206RZ type bearings (single row and deep groove ball bearings). The geometric parameters of the bearing are as follows: outside diameter 62mm, inside diameter 30mm, pitch diameter 46mm and the contact angle 0 o . Each bearing has 9 balls with a diameter of 9.52mm. Bearing outer race fault is obtained by drilling a 6mm diameter holes in the outer race. The pictures of the healthy and outer race faulty bearing are shown in Fig. 4 .
Before the experiment, two such induction motors are prepared. One induction motor has two healthy bearings, the other induction motor has one healthy bearing and one faulty bearing. And the faulty bearing is mounted on the load side of the shaft. The stator current data for the healthy motor and faulty motor are acquired with a sampling frequency of 10 kHz. In each case, six stator current data segments are obtained. 
B. Experimental Results
To demonstrate the effectiveness of the proposed method, the stator current signals under no-load conditions is used for bearing outer race fault detection. Fig. 5 shows the stator current signal decomposition results by CEEMDAN for the healthy and faulty induction motor, respectively. As we can see from Fig. 5, CEEMDAN can decompose the stator current signal into several independent IMFs. Through the comparison and analysis of all the IMFs for the healthy and faulty motors, we can find that the 5th IMF seems to contain more oscillations when the bearing has an outer race fault. In other words, the 5th IMF is the sensitive IMF which includes the bearing fault information.
In order to further assess these oscillations, the variance of the 5th IMF is calculated for the six stator current data segments for the healthy and faulty motor. The obtained experimental results are summarized in Table I . First of all, it should be noted that the variance of the 5th IMF for the healthy bearing is not exactly equal to zero. This is possibly due to the stator current signals containing unknown noises, or it may be caused by induction motor natural unbalances. However, when the bearing has the outer race fault, the variances are several times larger than the variance for the healthy bearing. Therefore, these obtained experimental results suggest that the 5th IMF can be a useful means to monitor the bearing healthy condition. 
V. CONCLUSION
This paper has introduced a new method for bearing outer race fault detection based on the CEEMDAN analysis of motor stator current signals. In the proposed method, the CEEMDAN is first used to decompose the stator current signal. By comparison of the stator current signal decomposition results of the healthy and the faulty motors, the sensitive IMF containing the fault features is founded. In order to further verify the effectiveness of this sensitive IMF, the variance of this IMF is computed. At last, the obtained experimental results show that the proposed method is able to efficiently detect bearing fault using stator current signature analysis. 
